A technique of temperature modulation-SDP (specified detection point) on MOS gas sensors was designed and tested on their sensing performance to such complex mixture, soil gaseous compound. And a self-made e-nose was built to capture and analyze the gaseous profile from sampling headspace of two soils (sandy loam and sand) with the addition of nutrient at different dose (without, normal, and high addition). It comprises (a) 6 MOS gas sensors which were driven wirelessly on a certain modulation through (b) a PSoC CY8C28445-24PVXI-based interface and (c) the Principal Component Analysis (PCA) and neural network (NN) as pattern recognition tools. The gaseous compounds are accumulated in a static headspace with thermostatting and stirring under controlled condition to optimize equilibration and gases concentration as well. The patterns are trained by backpropagation algorithm which employs a log-sigmoid function and updates the weights using search-then-converge schedule. PCA results indicate that the sensor array used is able to differentiate the soil type clearly and may provide a discrimination as a response to presence/level of the nutrients addition in soil. Additionally, the PCA enhances the classification performance of NN to discriminate among the predescribed nutrient additions.
Introduction
One promising technique that may overcome the crossselectivity problem on MOS gas sensor and also increase its sensitivity is temperature modulation [1] . It alters the kinetics of the sensor due to a cyclic variation of operational temperature resulting from the changes of the working voltage periodically. The sensor temperature is determined by the amplitude of the voltage applied across its heater. The cyclic kinetics of MOS gas sensor will lead to different rates of reaction which seem to follow the given modulation, so as to provide a unique response for each gas dependent on either shape or amplitude of modulation [1] [2] [3] . The operating modulation voltage may change periodically by either square/rectangular or sine waveform or triangular/saw-tooth [3] .
Temperature modulation has successfully enhanced the selectivity of (thick/thin) SnO 2 in distinguishing a single or multicomponent by applying certain modulation or analysis for optimum result as reported in [4] [5] [6] , even on catalytic gas sensor [7] . Moreover, it also succeeded on the TGSs [8] [9] [10] [11] . In the early investigation of this technique, pulse/thermalcycling technique was used which mostly was applied on TGSs as reported by Lee and Reedy [1] . Most of investigations utilized the modulation generator and digital acquisition/ signal recorder separately. It is difficult to take the advantages of temperature modulation for field in situ measurement.
We introduced a technique, namely, the temperature modulation with specified detection point (temperature modulation-SDP) (see Section 2), which is able be applied to drive a single/array of MOS gas sensors [12] . By applying rectangular temperature modulation-SDP, we tested 6 MOS gas sensors (3 TGSs and 3 FISs) in a PSoC-based e-nose system where the result shows that there is a significant increment of selectivity in discriminating 3 single volatile compounds (toluene, ethanol, and ammonia) compared with static temperature operation [12] . Since those 6 MOS gas sensors (TGS2444, TGS2602, TGS825, FISAQ1, FISSB30, and FIS12A) are designed by their manufacturers to sense the volatile compounds, to further test for the sensitivity and selectivity, we aim to assess the temperature modulation-SDP in distinguishing a such complex compound in variable conditions. We therefore tested the performance of the rectangular temperature modulation-SDP for evaluating the influence of soil type and nutrient addition on their responses. Soils, a complex mixture, are composed mostly of minerals and organic materials, water, air, and countless organisms [13, 14] . Many gases, mostly volatile organic compounds, are found at soil atmosphere due to microbial activity in which the type and the concentrations of VOCs produced may differ because of differences in community composition or nutrient availability [15] [16] [17] . Soil also is known to have a unique smell that can be sensed with human olfaction system, resulting from two special molecules (geosmin and methylisoborneol) due to the activity of bacteria, mostly belonging to the genus Streptomyces [18, 19] . We tested two soils (sandy loam and sand) with the following addition of commercial compost in different dose (without, normal, and high).
The Temperature Modulation with Specified Detection Point (SDP)
In principle, the temperature modulation-SDP is similar to general temperature modulation (Figure 1(a) ), yet, besides a modulation on heater unit ( ), it also modulates the sensing unit ( ) concurrently and in the same phase with (Figure 1(b) ). The is positioned on midpoint 75% of "on/high" state of (Figure 1(c) ). The SDP means that the time of output detection of MOS gas sensor is put at specified point. The SDP ensures the same measurement point at each output shape. Moreover, the which is associated with may lead to prevention of the sensor from possible migration To array sensor
To array sensor
To array sensor of heater materials into the sensing material which could cause long term drift of sensing material's resistance to higher values [20] . This technique allows a single chip (such as controller, processor, or hybrid) to get the advantages of temperature modulation by concomitantly generating modulation signal and acquiring the output at a constant point as well in the chip itself, even when using many MOS gas sensors. Generally a handheld device employs a single chip processor or controller as the heart of system and its time consumption depends on the clock used and complexity of tasks and features involved (sequential multiplexing, digital/analog conversion, I/O handling, timer interruption, communicating with outer device, etc.). Lower-end chip will spend more time. However, the flexibility to be set as a custom-developed system could actually be an advantage in an application, like a sensors handling [21, 22] .
In this study, we put on a rectangular modulation and a single detection point at middle of modulation of sensing unit as shown in Figure 1 (c). Figure 1(d) shows that the waveforms modulation (captured by Oscilloscope Tektronix TDS 2024B) at heater unit (yellow) and sensing unit (green) and the zone of detection point of overall MOS gas sensors used (purple) meet the desired modulation in Figure 1(c) .
We designed the schematic of single temperature modulation-SDP for each array of TGSs and FISs, respectively, as shown in Figure 2 , since there is slight difference in configuration on them. It employs common modulation circuits employing FET (Field Effect Transistor). In particular, on TGS244, we constructed an individual modulation circuit because it requires a recommended modulation as noted in its datasheet [20] . Both TGSs and FISs are configured in voltage divider as standard technique for measuring resistance changes [23] .
The Self-Made E-Nose
We built a PSoC-based e-nose that consists of 3 main units: (1) sensing unit, 6 MOS gas sensors (Table 1) , which are expected to sense the soil volatile compounds since they are specified to detect a particular volatile compounds in low concentration range, and 2 environment sensors (LM35 and HSM30G) to monitor temperature and humidity in chamber; (2) a PSoC CY8C28445-24PVXI-based interface system; and (3) PCA and NN as preprocessing and pattern recognition, respectively.
As shown in Figure 3 , a single CY8C28445-24PVXI used acts as a core of system which mainly functioned to generate desired modulation signals, to acquire all sensors output, and to communicate with computer wirelessly. It connects through radiofrequency using XBee (IEEE 802. Visual Basic.Net 2012. We configured some analog blocks (PGAs, Multiplexer, ADCs, and Switched Capacitor) and digital (Timer8, Counter and PWM for ADC, and UART) blocks inside the PSoC to comply with the functions. For more detailed diagram and configuration of the PSoC, refer to our previous works [12, 24] . The PSoC firmware was built using PSoC Designer 5.4.
We developed the software of PCA and NN using Visual Studio 2012 to analyze the profiles of the array sensor responses corresponding to the soil samples. The PCA software is constructed by utilizing PCA routine in opensource Accord.NET Framework 2.10. The NN was developed based on backpropagation (BP) learning method in Multilayer Perceptron Neural Network (MLPNN) architecture by employing a log-sigmoid activation function. The weights are updated using global adapted learning parameter updated by search-then-converge schedule. It is a simple and nonadaptive annealing schedule. Typically, it starts with large and gradually decreases as the learning proceeds in which the process of adapting is similar to that in simulated annealing [25] . Basically the BP algorithm is a generalization of the delta rule (Least-Mean Squares algorithm), also called the generalized delta rule, which uses a gradient search technique to minimize a cost function equivalent to the Mean Square Error (MSE) between actual network outputs and the desired (target) output [25] . The BP propagates the MSE backward through the network and the weights (and biases) are then adjusted by a gradient descent based algorithm. Thus, a closed-loop control system is established in network. .88 E), a sand hill on Sea of Japan, which is located about 17 km from Kanazawa University. The collected soil samples were crushed and sieved manually at <2 mm after plant derbies, turfs, and gravels were carefully removed. As soil treatments, we added an amount of fermentation compost. The compost is given at average/normal and high doses as recommended in practical application, that is, 20 and 30 tons ha −1 DM (Dry Matter), respectively [26] . Taking into account a general assumption that, in 1 ha soil area, 15 cm deep, that contains 2 Mkg despite bulk density of soil varying considerably [27] , we therefore added the compost at 0, 15, and 22.5 mg/g soil sample which approached doses of 0, 20, and 30 tons ha −1 DM, respectively. The soil and compost samples were put into LLDPE (linear low-density polyethylene) plastic bag and sealed with paraffin. Then, we stored them in refrigerator at 5 ± 0.5 ∘ C to inactivate microbial activity in soil. This temperature is known as biologic zero temperature, which recognized that most microbes in soil become relatively inactive at temperature below 5 ∘ C [28, 29] . Prior to being used, the samples were air-dried up to room temperature.
Material and Method

Soil Preparation and Sample
We prepared the samples into solution since soil contains many soluble substances in water and liquid has bigger diffusion coefficient than solid and thus leads to shorter diffusion times. We calculate the mass of soil sample using (1) to obtain the mass of pure water and compost addition, where expresses mass of soil ( ), V is volume of headspace vial (mL), is bulk density of soil (sandy loam = 1.44 g/mL and sand = 1.52 g/mL [30, 31] ), is density of pure water = 0.998 g/mL, ( / ) is phase ratio in SH, and is water content (in fractional number). Table 2 resumes the properties of parameters used and calculation results:
Measurement Procedures.
The soil gaseous compounds are accumulated in a static headspace (SH) and the headspace equilibration is optimized by both agitating (i.e., stirring) and thermostatting concurrently for all samples on the same phase ratio. We set 30 minutes, 60 ∘ C, and 200 rpm of equilibration time, temperature, and stirring frequency, respectively. We utilized Corning PC-4200D to heat and stir the sample in the SH vial. We used 90 mL glass container with sealed cap as headspace vial which is put inside the 500 mL open beaker filled with 100 mL water (Figure 4) . It aims to maintain the equilibrium relative humidity the same as the soil sample. And the headspacing was conducted inside a room under controlled temperature. By those ways, all soil samples were under the same treatments and environmental conditions.
The temperature modulation is set on 0.25 Hz, 75% duty cycle to drive all MOS gas sensors, except for TGS2444 [20] , which is on its recommended duty cycle. The initial action of the MOS gas sensors, after a long inactive state, is carried out for one hour of measuring the reference gas to allow them to reach a stable condition. The gas sensors are expressed in resistance and the profile is defined by its sensitivity ( ) [4] , where 0 is sensor resistance of air and is sensor resistance of soil gaseous compound (see (2)):
The measurement of soil gaseous profiles is performed using close measurement method by switching between the reference gas (filtered air with silica gel) as baseline and analyte gas (soil gaseous compounds). The flow direction and rate of gas are controlled by 3-way valve and the Kofloc mass flow controller (MFC), respectively. The MFC are set at 0.3 lpm. As shown in Figure 5 , the reference gas flows through point (a) (valve-1), point (c) (valve-2), and point (e) (valve-3), while the analyte gas flows through point (b) (valve-1), point (d) (valve-2), and point (e) (valve-3). The purging of sensor chamber was in open measurement mode by disconnecting the hose of inlet pump from valve-2, directing valve-3 to point (f), and turning on the purge pump.
At preresearch, we observed for 5 minutes after 0 measurement to determine the response of each sensor and obtain the best starting measurement time for measurement. Significantly, we found that overall sensors reached a stable state after ±150 s (±2.5 min) which strongly indicate that they are sensing stably the flow of gas that have been spread evenly in the close measurement system. We therefore took this time to be the starting point of measurement. Thus, we set the total measurement time per sample as 37 minutes, covering the phases of the headspace (30 minutes), 0 measurement (1 minute), stabling time (2.5 minutes), measurement (1 minute), and purging (5 minutes) sequentially. The sampling period of both 0 and measurement was 2 seconds, and their averages were used to represent the baseline and soil gaseous compound.
Results and Discussion
Individual Sensitivity-Based Response of MOS Gas Sensors.
Individual sensitivity-based soil gaseous profiles of MOS gas sensors used on each soil type with the different dose of nutrient addition are shown in Figure 6 . It reveals that the array of gas sensors was able to sense the soil gases and/or volatile compounds resulting from different samples and as well indicates that the method of the optimized SH seems suitable for providing/accumulating the concentration sufficiently. Those individual responses indicate that the technique of temperature modulation-SDP led the sensors to sense differently the amounts and types of soil gaseous compounds produced and released inside the SH atmosphere which corresponded to the soil type and doses of nutrient addition. Moreover, Figure 6 also presents the standard deviation of the MOS sensors to five replicates of each measurement. It relatively shows the low variance among responses which indicates the sufficient consistency of sensors reproducibility in producing the soil gaseous profiles on the same environment treatment independently throughout this study.
As shown in Figure 6 , for most of the MOS gas sensors but TGS2602, the sensitivity to the nutrient addition (20 t/ha and 30 t/ha) was higher than without nutrient addition whether for the same soil type or between sandy loam and sand. Sandy loam soil usually has more holding capacity of water and nutrient, along with lower bulk density compared to sand soil, thus leading to having more organic matter content [31, 33] and microorganism [34] . In addition, the use of a flow system (usually employing a pump) in sample detection causes cooling of the sensor surface, reducing the high increment of temperature and humidity inside such sensor chamber (heat dissipation) [35] , thus also influencing its response.
Interestingly on TGS825 which is technically designed to respond to the hydrogen sulfide (H 2 S) [36] , it had the highest sensitivity among the others for each soil type. It reveals that the H 2 S concentration during the headspace process was high and it is seen that the presence of nutrient addition contributed significantly to H 2 S accumulation in the headspace (Figure 7) . The response indicates that there is much acid sulfate material in soil samples. This gas can be produced from the oxidation process of organic material containing sulfate acid due to bacterial activities in low oxygen environment (like flooded soil) which depends on ambient conditions such as temperature, humidity, and the concentration of certain metal ions [37] . The result also shows that the additional nutrient in sandy loam soil provided relatively higher concentration than in sand soil and there was a little cross-response in differentiating level of compost addition between doses 20 t/ha and 30 t/ha.
The operation of temperature modulation-SDP through oscillating the heater voltage by square modulation does not only cause altering the kinetics of both adsorption and reaction process at the surface of sensor (effect of the frequency) but also consequently lead the MOS gas sensor to run at lower effective temperature (effect of the duty cycle), as on the TGS2444 which is driven by low duty cycle modulation [20] and shown to have high selectivity to ammonia gas [12] . For particular material, the specific working temperature provides optimum sensitivity for sensing a certain gas evidently [38, 39] . Ou et al. [39] found that under the low working temperature (i.e., 120 ∘ C) a 2D metal disulfide-based gas sensor has very high selectivity to NO 2 in which the sensing mechanism is dominated by charge transfer, adsorption between the surface-adsorbed NO 2 gas molecules and metal disulfide, strongly due to paramagnetic behavior of NO 2 . Thus, the combination of frequency and effective working voltage by duty cycle selection of temperature modulation-SDP had potential to sense sensitively the complex gas and/or volatile compounds of soil which then provide the unique gaseous profiles.
However, like typical characteristic of the use of sensor array in e-nose which does not allow individual sensor to identify a specific or complex volatile compounds, we found that there was no single sensor used which individually showed a relation for characterization of the difference of soil conditions clearly and linearly with regard to soil type and nutrient addition. There was a cross-response on each sensor in differentiating the dose level of nutrient addition, especially between normal dose (20 t/ha) and high dose (30 t/ha). The complexity of soil gaseous compounds in potentially various kinds of gases, especially volatile compounds [16, 17] , causes an inevitable cross-response on MOS gas sensor as also founded by Rincón et al. [40] who simulated a monitoring of VOC as soil contaminants through measuring 8 kinds of gases. The cross-response of individual sensor may be reduced by projecting collectively into new dimension using PCA as commonly used in e-nose.
Performance of Discrimination of Soil under Different
Nutrient Addition. The potential of nonparametric biological system for discriminating soil type as well as for differentiating between different nutrient additions treatments based on its gaseous profile was tested. Firstly, the PCA, as a nonsupervised technique, was employed to find general relationships between samples while preserving most of the variance within data. PCA allow projecting variables onto fewer dimensions reflecting the most relevant analytical information [41] . This offers an advantage that the classification of unknowns is processed much faster, thus reducing detection time. Figure 8 shows the PCA plot of discrimination of two soils, both without addition of compost. It shows a distinct zone of patterns volatile production between sandy loam soil and sand soil, where the principal component-(PC-) 1 accounts for higher differentiation of cluster than PC-2. PC-1 and PC-2 cumulatively account for 78.32% of the variance within the data set.
Meanwhile, Figure 9 shows the PCA plot for replicates of each soil sample in distinguishing three doses of compost addition. It seem that PCA allow discriminating distinctly between soil conditions whether with or without compost (nutrient) addition, indicated by separated blue zone, even when differentiating regardless of soil type (Figure 9(c) ).
It was only for sandy loam soil (Figure 9(a) ); the level of compost addition could be clustered clearly into three groups as predefined previously, while there was misidentification between soils with dose 20 t/ha and dose 30 t/ha in sand soil (Figure 9(b) ). Interestingly irrespective of soil type (Figure 9(c) ), it seems to perform better in clustering the soil in different doses, yet there is a half part of replicates that has no clear classification (black zone) when identifying soil with doses 20 t/ha and 30 t/ha. Figure 9 shows that the significant discrimination on the clusters between the soil without nutrient addition (blue zone) and soil with nutrient addition (yellow and red zones) was along the PC-1, while that between normal dose (yellow zone) and high dose (red zone) was mainly along the PC-2.
Finally, we determined the performance of NN as decision unit of e-nose to classify the level of nutrient addition in soil based on indicator the Mean Square Error (MSE) achieved resulting from the training process. We put three principal components (PCs) to distinguish the volatile compounds in the headspace released from soil samples as the input of neural network since they represent more than 90% of divergence samples data (Table 3) . We designed the architecture of MLPNN that comprises 3 layers (single hidden layer). We determined the optimum number of neurons in hidden layer by Singular Value Decomposition (SVD) analysis of its output in each training dataset [42] . By input from 3 PCs and based on the SVD value obtained, we choose 6 neurons in hidden layer to differentiate between the predescribed three categorized fertilizer levels in soil sample; thus, the neuron number architecture of MLPNN is 3-6-3 of, respectively, input, hidden, and output layer. In learning, we took the learning parameters of BP as follow: maximum epoch is 10
4 , error target is 10 −5 , initial learning rate is 0.8, and the constant of search time in searchthen-converge annealing learning rate is 700. The target of output layer was defined as shown in Table 4 . We also trained the NN by input directly from sensors output (without preprocessing/PCA) with the same hidden layer (6-6-3 NN architecture). The achieved MSE of training results (Table 5) show that PCA helps in improving the NN classification to discriminate the level of compost addition in soil. In addition, all the application of trained data was successful to discriminate three levels of nutrient addition in soil.
The e-nose approach with static headspace method was potential for the aims of this work, providing different soil volatile profiles and allowing a discrimination between soil type and among the several soil treatments, to be obtained. This supports previous study where the same sampling method was employed for sensing the headspace of a soil under different condition and nutrient addition [15, 43] , which may overcome the overlapping between volatile profiles. Compared with the results of Bastos and Magan [43] , it seems that the use of sensors that potentially can detect gases/volatile compounds in complex compound provides better detection and economical value due to the small number of sensors used and the less complexity of the pattern identification system applied, rather than nonspecific sensors.
Conclusions and Future Work
The 6 selected MOS gas sensors with temperature modulation-SDP in e-nose system were promising, applied for indicating the presence of additional nutrients in soil since they could respond and have different sensitivity according to the samples. They provided (unique) soil gaseous profiles which accumulated in a static headspace optimized by thermostatting (60 ∘ C) and stirring (200 rpm) in controlled environment condition. The profiles show that the temperature modulation-SDP leads to distinguishing of the soils clearly and to indicating the presence of nutrient addition in soil. The MLPNN in single hidden layer architecture (3-6-3) with PCA as prior data preprocessor performed optimum identification in this study. The gas sensors with this particular technique offer a potential for replacing existing techniques in soil environmental fields for a quick and in situ application. It also suggests that it together with e-nose method could be used for monitoring microbial activity in soil and water as well. Depending on the applications and the type of sample to be analyzed, the choice of sensor array can be crucial for the good performance of the system.
